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Abstract—Growth rates and biomass yields are key descriptors
used in microbiology studies to understand how microbial species
respond to changes in the environment. Of these, biomass yield
estimates are typically obtained using cell counts and measure-
ments of the feed substrate. These quantities are perturbed with
measurement noise however. Perhaps most crucially, estimating
biomass from cell counts, as needed to assess yields, relies
on an assumed cell weight. Noise and discrepancies on these
assumptions can lead to significant changes in conclusions regard-
ing a microbes’ response. This article proposes a methodology
to address these challenges using probabilistic macrochemical
models of microbial growth. It is shown that a model can
be developed to fully use the experimental data, greatly relax
the assumptions on the cell weight, and provides uncertainty
estimates of key parameters. These capabilities are demonstrated
and validated herein using several case studies with synthetically
generated microbial growth data.
Index Terms—Biological system modeling, Graphical models,
Biochemical analysis.
I. INTRODUCTION
Microbial ecology is the study of how microbes interact
and respond to a variety of environmental parameters. These
include the understanding of how microorganisms respond to
changes in substrate concentrations, temperature, pH, salinity
or pressure. The responses can then be characterized along
multiple dimensions, such as growth rates and biomass yields.
Moreover, these further provide evidence of energy efficiency
trade-offs, activation of gene pathways, syntrophic relations
and competition, etc. The understanding of these aspects and
their interplay could then be used to control, or at least steer,
microbial cultures to encourage growth or increased yield or,
conversely, to stymie either of these.
Control of microbial cultures plays a role in a number
of applications. For example, in bio-remediation, microbes
are necessary to break down contaminants or pollutants [1].
In those cases, microbial ecology plays a role in under-
standing how indigenous or introduced microorganisms can
be effectively stimulated to accelerate the process or made
more robust to adverse conditions [2]. Another application
includes the prevention of microbial-induced corrosion [3].
The goal in those cases is to prevent naturally occurring
microorganisms from interacting with the equipment or pro-
ducing corrosion-inducing byproducts. Yet another application
is in the control and optimization of bioreactors [4], which are
used in numerous industrial processes to produce value-added
organic products as effectively as possible. Thus, improving
capabilities for studying microbial communities is critical to
advancing fundamental biology research and its implications
on the many dependent applications.
Characterization of how microbial cultures respond to envi-
ronmental changes is a challenging task because of the diffi-
culty in directly measuring many of the quantities of interest.
This characterization is done primarily through growth rates
and biomass yields. Both of these are derived measurements
and their accurate estimation is of paramount importance to
subsequent analysis and research. Growth rates can take advan-
tage of repeated cell counts at different times and have better
established methodologies [5], [6]. Estimation of biomass
yields, defined as the ratio of overall biomass produced per
amount of substrate (i.e., the “feed” compound) consumed,
are usually harder to obtain reliably [7]. This is at least in
part because of the indirect measurements and assumptions
used to obtain the estimates [8]. Yet, in some circumstances,
yield is as important if not more than growth rates because it
reflects how effectively the microorganisms are converting the
compounds in the environment or in bioreactors to biomass or
other byproducts of interest. Thus, improved methods for its
accurate estimation are still needed.
The characterization of microbial cultures can be enhanced
by explicit modeling of microbial growth. This modeling can
be done at different levels of detail and complexity. One
modeling approach characterizes the overall growth process
by a set of simplified metabolic networks and the corre-
sponding macrochemical reactions [9], [10]. The main advan-
tages of this modeling approach are that it ensures overall
mass/chemical balance and only requires knowledge of the
main growth modes of the microorganisms. It can also be
used in thermodynamic studies of growth enery trade-offs by
ensuring energy balance [11], [12]. Of course, more advanced
modeling approaches are available. Most notably, flux balance
analysis (FBA) is often used in bioengineering applications to
optimize yield [13], [14]. FBA modeling leverages significant
advances in the understanding of genetic regulation of path-
ways and their related metabolic reactions, allowing for the
simulation of intracellular metabolism dynamics. This process
is understandably much more complex, well characterized for
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Fig. 1: Simplified network of catabolic and anabolic metabolic processes.
only certain microbes, and requires substantial calibration. Al-
though the macrochemical modeling approach is used herein,
the same principles could of course be applied to FBA albeit
at a significant increase in complexity.
This article demonstrates how the macrochemical modeling
approach can be formulated as a probabilistic graphical model.
In doing so, we are able to effectively reconcile all of the
experimentally measured data while enforcing chemical mass
balances in a principled manner. As a result, it is shown
in Section IV that we are able to more accurately estimate
underlying culture growth parameters, such as biomass yield.
Moreover, through the model, one can relax certain assump-
tions which would otherwise severely impair the analysis (see
Section IV-C).
II. MACROCHEMICAL MODEL
A. Catabolic and anabolic processes
The methodology described in this article is based on a
simplified set of metabolic processes proposed by Heijnen
and colleagues [10], [9], of which a brief overview is pro-
vided. In their framework, microbial growth is described by
two macrochemical processes, corresponding to catabolic and
anabolic reactions, as depicted in Fig. 1. We refer to these as
macrochemical processes as they characterize the overall in-
puts and outputs of these in aggregate. Of these two processes,
the catabolic reaction characterizes the main energy generating
process, wherein the substrate is oxidized to generate ATP
which is then used to support the anabolic reactions of cell
growth, maintenance, and biomass production. Depending on
the microbe and the mode of respiration, this can be an aerobic
or anaerobic process. Without loss of generality, we consider
the anaerobic case here.
The chemical equation for the catabolic reaction has the
following general form:
θ1(e
− donor) + θ2(e− acceptor)
+ θ3(oxidixed e− donor)
+ θ4(reduced e− acceptor) = 0 (1)
where {θi : i = 1, . . . , 4} are the stoichiometric coefficients
of the compounds involved. The electron donor and acceptor
are reaction inputs (i.e., ‘reactants’) and their oxidized and
reduced counterparts are outputs (i.e., ‘products’). We use
the convention that compounds with negative coefficients
correspond to consumed reactants and positive coefficients to
products. The coefficient of the electron donor is usually set
to θ1 = −1 to avoid an arbitrary scaling indeterminacy, and
then the other coefficients are determined accordingly.
Correspondingly, for anaerobic heterotrophic growth the
anabolic chemical equation has the general form:
α1(C source/e− donor) + α2(N source) + α3H+
+ CH1.8O0.5N0.2 + α4(oxidized e− donor) + α5H2O = 0
(2)
with {αi} the corresponding stoichiometric coefficients, de-
termined such that biomass coefficient was equal to one.
The generic compound formula CH1.8O0.5N0.2 is used to
denote biomass, representing the aggregate relative proportion
of elements in dry cell biomass [10]. The biomass composition
is measured in terms of C-moles, corresponding to the amount
of biomass that contains one mole of carbon.
The catabolic and anabolic processes cannot be directly
combined because there is an unknown and condition depen-
dent scaling factor between the two. This unknown catabolic
scaling factor, also known as “metabolic quotient” [15] or
“catabolic turnover rate”, needs to be applied to the catabolic
equation corresponding to how many times the catabolic cycle
needs to run for each mole of biomass produced. Although we
will not be focusing on this quantity, it can be obtained from
the estimate of biomass yield as the two are directly related.
B. Biomass estimation
Estimating the amount of biomass produced is crucial for
characterizing the anabolic process. This can be done through
a number of methods [16]. A well-known method is by direct
measurement of dry weight. This is a simple but very laborious
and time consuming method. A much simpler method involves
first obtaining cell counts through microscopy or flow cytom-
etry. Biomass can then be estimated using relative proportions
of elements in dry cell biomass and average cell weight. With
regard to the above-mentioned biomass compound formula,
CH1.8O0.5N0.2, the molar mass of the elements and their
relative proportion can be used to obtain the biomass molar
mass as wX = 24.62 g/C-mol [10]. Assuming a given average
cell weight mC , biomass can then be estimated as
X = (#C×mC)/wX (3)
where #C denotes the cell count.
C. Biomass yield
Biomass yield can now be clearly stated. It is defined as,
YXS =
C-moles of biomass produced
moles of e− donor consumed
(4)
As highlighted by the definition, the biomass yield is notable
because it indicates how efficiently the consumption of elec-
tron donor (i.e., substrate) is used toward the production of
biomass.
Without noise, the estimation of biomass yield would be
straightforward from the definition and experimental measure-
ments. In practice, however, measurement noise can make it
quite difficult to discern the underlying trend or profile in the
response of a microbial culture. Moreover, using cell counts,
biomass estimation relies on assumptions on cell weight
which may not hold. By appropriately characterizing both the
catabolic and anabolic processes using all of the available
data, the estimation of biomass produced and electron donor
consumed can be improved significantly and made much more
robust to deviations from assumptions.
D. Case study example
The remainder of the article will consider a specific micro-
bial growth situation. This is done for simplicity of presenta-
tion and in order to demonstrate how to apply the probabilistic
macrochemical model methodology in a concrete case. This
will also be example simulated and analyzed in the results.
In the remainder of the article we consider a case study in
which sulfate reducing bacteria (SRB) are grown with lactate
(CH3CH(OH)CO−2 ) under anaerobic conditions. In this case,
one can easily verify that lactate will serve both the role of
electron donor and carbon source, and thus plays a role in both
the catabolic and anabolic processes. The additional necessary
compounds for growth can also be easily identified to include
sulfate (SO2−4 ), and ammonium (NH
+
4 ) as the nitrogen source.
Accordingly, the balanced catabolic and anabolic chemical
equations are, respectively,
− CH3CH(OH)CO−2 − 0.5SO2−4
+ CH3COO
− + HCO−3 + 0.5H2S = 0
(5)
− 0.35CH3CH(OH)CO−2 − 0.2NH+4 − 0.1H+
+ CH1.8O0.5N0.2 + 0.05HCO
−
3 + 0.4H2O = 0
(6)
which show acetate (CH3COO−), bicarbonate (HCO−3 ), and
(dihydrogen) sulfide (H2S) as byproducts. The stoichiometric
coefficients were determined to guarantee the balance of mass,
charge, and degree of reduction of each equation.
III. PROBABILISTIC MACROCHEMICAL MODELING
We now describe how the macrochemical model can be
reformulated into a probabilistic model. In particular, this
model will be defined using the formalism of Bayesian graph-
ical models [17], [18]. Also, for concreteness, this will be
done with regard to the specific case study applied to SRB
growth, described in the previous section. However, we shall
emphasize the thought process involved in this formulation.
Bayesian models, and our probabilistic macrochemical
model in particular, are generative characterizations of the
experimental data. This means that the model describes our
understanding of how the growth interdependencies lead to
the measured data. In this case, the macrochemical reactions in
Section II capture both this understanding and chemical/mass
balance constraints that must be asserted. Accordingly, the
probabilistic model will directly translate the macrochemical
reactions between the true and unknown quantities of interest
and the reality of noisy measurements.
Consider the case study in Section II-D. It will be assumed
that the data comprises cell counts and concentration measure-
ments for lactate, sulfate, acetate, bicarbonate and sulfide. The
measurements were obtained at the beginning and end of the
experiments, such that they characterize the change in each
of the compounds. In this case, we will also consider that
all conditions in the experiment have similar initial starting
amounts of compounds and cells and thus need to model
only the change in the different compounds and cells. If this
were not the case, the different initial conditions and the
dependencies on these could be easily accounted for in the
model as needed. Moreover, if cell counts or concentrations
measurements for either of these compounds are not available,
then the corresponding equations can simply be left out from
the model, although understandably the results may have
larger uncertainty. In fact, this exact approach is shown in the
results section when analyzing model results under different
situations.
There is a number of ways to express the macrochemical
reactions but, since lactate is a key compound and consumed
in both reactions, it provides a good way to connect the two
metabolic processes. Accordingly, we define two latent random
variables corresponding to the amount of lactate consumed in
the catabolic reaction, ∆Lc, and in the anabolic reaction, ∆La.
This allocation allows us to directly balance those quantities
to estimates changes the other compounds in either of the
processes, while being constrained by mass balance and the
observed measurements. Another key random variable is the
amount of biomass produced which is related to the lactate
used in anabolic reaction by mass balance and the cell count
by equation (3). With regard to these two latent quantities of
lactate consumed, the probabilistic model characterization of
the change in the other compounds can be written as,
Lactate: ∆L ∼ N (∆Lc + ∆La, 2σ2L) (7)
Bicarbonate: ∆BC ∼ N (−∆Lc − 0.05
0.35
∆La, 2σ
2
BC) (8)
Sulfate: ∆SO ∼ N (0.5∆Lc, 2σ2SO) (9)
Acetate: ∆A ∼ N (−∆Lc, 2σ2A) (10)
Sulfide: ∆HS ∼ N (−0.5∆Lc, 2σ2HS) (11)
Cell counts: ∆#C ∼ N ((wX∆X)/mC , σ2#) (12)
where ∼ N (µ, σ2) indicates that the corresponding quantity
is taken to be normal distributed with mean µ and variance
σ2, wX = 24.64 g/C-mol is the biomass molar mass, and mC
denotes the average cell weight. The various σ2 variance hy-
∆Lc
∆La
YXS
∆L ∆BC ∆SO ∆A ∆HS
∆XmC
∆#Cσ#
σL σBC σSO σA σHS
N replicates
M conditions
Fig. 2: Plate notation diagram of the probabilistic macrochemical model. Each node in the diagram denotes a random variable,
with shaded ones being observed (i.e., measurements). The “plates” (i.e., boxes) indicate that the random variables within are
indexed (i.e., a different distribution) for each of the number of situations noted on the lower right corner of the plate.
perparameters reflect the unknown concentration measurement
error of each of the corresponding compounds. Although these
could be estimated directly through extensive experimental
replication, this approach will prove more data efficient. Since
the change in each of the compounds is obtained from the
difference of the initial and final measurements, the measure-
ment error is introduced twice. With regard to cell counts, we
considered the count variability to be relative to the cell density
and thus dominated by the final cell count and approximated
with a normal distribution.
This probabilistic model is represented in Fig. 2. The dia-
gram highlights the interdependencies between the main quan-
tities of interest (catabolic and anabolic lactate consumed and
biomass produced), measurements of the different chemical
compounds, and their estimated measurement noise level. Note
the plates aggregating the different replicate measurements
(i.e., repetition of the experiment under the same conditions
to account for inherent variability) and conditions (e.g., ex-
periments at different temperature or pressure conditions).
Intuitively speaking, the goal is to combine multiple sam-
ples whenever possible to robustly estimate quantities across
conditions, while accurately characterizing condition specific
quantities.
Using the above characterization of lactate consumed in
each metabolic process, the biomass produced and yield can
be directly estimated as
∆X =
1
−0.35∆La (13)
YXS =
∆X
−(∆Lc + ∆La) (14)
In this way, biomass produced and yield can be estimated
more robustly using all of the available data and even if cell
counts are not available. And, if they are, these estimated can
be further validated with regard to the observed counts. Of
course, the biomass yield could have calculated externally to
the probabilistic model. Including it therein provides us with
uncertainty on the estimates which can be helpful diagnostic
information.
It must also be emphasized that the average cell weight,
mC , is shown in Fig. 2 as common to all experiments. This
assumption can be relaxed, which can key to identifying
cell weight changes due to environmental stresses in the
experiments. This case will considered and validated in the
results (Section IV-C).
Finally, the prior distributions of the random variables need
to be defined to complete the model specification. They were
set to:
∆Lc ∼ N (−28, 0.52) (15)
∆La ∼ N (−2, 0.52) (16)
mC ∼ Lognormal(ln(1.8× 10−13) + 0.09, 0.3) (17)
σ# ∼ Exp(1/108) (18)
σL ∼ Exp(1/ς) (19)
σBC ∼ Exp(1/ς) (20)
σSO ∼ Exp(1/ς) (21)
σA ∼ Exp(1/ς) (22)
σHS ∼ Exp(1/ς) (23)
with ς = 0.1. These priors were chosen considering an initial
lactate concentration in solution of 30 mM. The lactate is
usually almost fully consumed during growth. The prior cell
weight was set such that the mode is at 1.8 × 10−13 g,
corresponding to the average cell weight of E. coli reported in
Fagerbakkeet al. [19]. The priors on cell counts and concentra-
tion measurement standard deviations were set to exponential
distributions (with means 108 and ς) to enforce their positivity
and discourage unwarranted attribution of mismatch between
estimates to measurement variability.
From the above equations, this model was implemented in
the Stan probabilistic programming language [20], [18]. Using
Stan, inference of all quantities of interest can be done efficient
in only a few seconds.
IV. RESULTS
We now consider two simulated microbial growth scenarios
for validation of the probabilistic macrochemical model. Since
these are simulated scenarios, the model and inference can
be tested by comparing the estimated quantities against the
underlying parameters values used in generating the data.
A. Testing paradigm
To generate the data for testing the model, we considered
an hypothetical set of experiments in which one would like to
recover a microorganism’s biomass yield profile with regard to
temperature. The simulated scenarios comprise M = 5 tem-
perature conditions (T = {5, 10, 15, 20, 25}◦C) and N = 3
replicate experiments per temperature for the biomass yield
curve shown as a dashed line in Fig. 3 and similar subsequent
figures. The curve was chosen to mimic the biomass yield
values and profile of strain LSv21, a psychrophilic SRB
bacteria with a temperature optimum of 18◦C, described by
Knoblauch and Jørgensen [21], for which the macrochemical
equations in Section II-D apply. Essentially, the simulation
implemented the macrochemical metabolic processes of equa-
tions (5) and (6) for a given biomass yield. The same initial
concentrations of the measured chemical compounds and cell
counts were used for all conditions. For each condition, the
given biomass yield response was used to determine the total
amount of biomass produced, considering that the lactate was
almost fully consumed except for a small residual amount.
From this, the amount of lactate consumed in each of the
catabolic and anabolic reactions can then be determined. The
amount consumed or produced of each of the other compounds
was then calculated according to equations (7) through (12).
According also to those equations, the observed change in
concentrations and cell counts included measurement noise
with standard deviations,
σ# = 2× 108 (24)
σL = 0.15 (25)
σBC = 0.8 (26)
σSO = 0.3 (27)
σA = 0.2 (28)
σHS = 0.4 (29)
These standard deviations were chosen to mimic the levels of
measurement noise seen in actual experimental measurements
and accuracy differences between different concentration mea-
surement techniques.
B. Scenario 1: Constant cell weight scenario
We consider first that a scenario in which the cell weight
was the same across conditions. Understandably, this simplifies
the analysis and is well suited to the assumptions of current
practices.
For reference, it is worth considering whether the biomass
yield could be estimated without the probabilistic model,
but rather using simply concentration measurements of two
compounds and their stoichiometric balance. These results are
shown in Fig. 3(a). While hints of the underlying trend are
visible, it is quite difficult to outline it because of the very large
variability. And, of course, this is worse from concentrations
some compounds than others because of their larger measure-
ment noise. As previously mentioned, a common practice is
to first estimate biomass produced using cell counts according
to equation (3) and then use that results in calculating the
yield. These results are shown in Fig. 3(b). In this example,
since a constant and known cell weight was used in generating
the data, the yield estimates are quite accurate. However, as
shown in the figure, if the assumed cell weight is off, the yield
estimates are offset accordingly.
Those results can be contrasted to the biomass mass yield
estimates shown in Fig. 4 using the probabilistic macro-
chemical model developed in Section III. Even if the cell
counts and the corresponding latent variables are not used,
one can observe from Fig. 4(a) that the yield estimates already
reflect most of the underlying trend. And, as clearly shown in
Fig. 4(b), including the cell counts further improves the ac-
curacy of the estimates and reduces their uncertainty. Perhaps
most significantly, since the cell weight is estimated by the
probabilistic model, the results are robust to large variations
in the cell weight. Those results are not shown because, even
though we tried changing the cell weight used to generate
the data by as much as ±50%, no discernible different was
observed in the biomass yield estimation results.
In addition, our probabilistic model also infers distributions
for the measurement noise standard deviations. Even from only
15 experiments (5 conditions times 3 replicates), the mean of
each of the concentration standard deviations (i.e., the σ’s)
was within 12% of the value used in generating the data,
except for lactate. The mean of σL was 36% larger because its
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Fig. 3: Biomass yield estimates. The dashed line indicates the
underlying trend curve used in generating the data.
central role meant that its inferred distribution was influenced
more by agreement with all other measurements rather than
its own measurements. The estimated cell count noise standard
deviation was 1.74× 108, in comparison to 2× 108.
C. Scenario 2: Cell weight changes with temperature
Assuming that the cell weight is unaffected by the ex-
perimental conditions can be a significant source of analysis
error. Several studies have reported changes in cell weight
and volume in response to different environmental conditions
(see for example [22] or [23]). Hence, it is worth analyzing
how the method developed herein performs in such a situation,
compares to standard practices, and how it may be extended
if needed.
The data used for this analysis was obtained using the
procedure described in Section IV-A, but with the cell weight
mC for each temperature set according to Fig. 5. This
impacted how the amount of biomass produced, obtained
by stoichiometric balanced, translated into cell counts. The
values of the cell weight curve were chosen by scaling the
1.8×10−13 g weight according to the proportions reported in
Wiebe et al. [23, Table 1].
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(a) Estimates from concentration measurements only.
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Fig. 4: Biomass yield estimates using the probabilistic macro-
chemical model.
5 10 15 20 25
temperature ( C)
1.8
2.0
2.2
2.4
2.6
2.8
ce
ll 
we
ig
ht
 (g
r)
1e 13
Fig. 5: Cell weight temperature response curve used in exper-
iments for Scenario 2 (Section IV-C).
As shown in Figs. 6 and 7(a), the assumption that the
cell weight does not change in response to the conditions
clearly results in biased estimates of the biomass yield profile.
This is most noticeably for lower temperatures because of the
larger difference in cell weights. For higher temperatures, the
lower amount of biomass produced means that the effect is
proportionally lower.
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Fig. 6: Biomass yield estimates directly from lactate concen-
tration measurements and cell counts, as done in Fig. 3(b).
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(a) Estimates assuming the same cell weight across conditions.
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(b) Estimates with cell weight estimated per condition.
Fig. 7: Biomass yield estimates using the probabilistic macro-
chemical model.
The probabilistic model considered thus far also infers the
cell weight from data but assumes that it is the same across
conditions. For that reason, it is unable to correct for this
systematic variation from the its assumptions (Fig. 7(a)). How-
ever, the Bayesian model characterizes also the uncertainty in
the estimates. Hence, it is insightful to analyze the posterior
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(a) Estimates assuming the same cell weight across conditions.
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(b) Estimates with cell weight estimated per condition.
Fig. 8: Biomass yield estimates using the probabilistic macro-
chemical model and 7 replicates per condition.
distribution over cell weights. In the previous section, and
in which the data aligned with the model assumptions, the
standard deviation on the cell weight posterior distribution
was 7.7× 10−15 g, whereas in this scenario is 1.1× 10−14 g.
Although there may be multiple reasons for this, the larger
uncertainty of a quantity taken to be the same for all conditions
could also indicate a limitation in the model. This could
be evidence to support an hypothesis that the environmental
conditions also have an effect in the microorganism’s weight.
Testing the hypothesis of condition dependent cell weights
can be done simply by modifying the probabilistic model
such as to make the latent variable mC a condition-specific
quantity. This would be depicted in Fig. 2 by moving the mC
latent variable inside the conditions plate. The corresponding
results are shown in Fig. 7(b). Much of the bias due to
the different cell weights has been compensated for by the
model. There is a larger uncertainty in the biomass yield
estimates however. This was to be expected because the change
introduces additional model parameters and additional ways
to explain the observed data. A fundamental advantage of the
probabilistic methodology is that extending the model allows
us to “explain away” potential sources of systematic error
given enough observed data. Such an outcome is shown in
Fig. 8, in which we simply generated and used additional
replicates (N = 7) for statistical robustness in explaining
away the effect of the conditions on cell weight. Current
practices and models without this extension would maintain
the systematic yield estimation error regardless.
V. DISCUSSION
This article proposed a probabilistic methodology for char-
acterization of microbial growth. The methodology combines
the formalism of Bayesian graphical models with a macro-
chemical representation of cell metabolic processes. Such a
general probabilistic modeling approach had not been applied
to microbial growth before, to the best of our knowledge.
This approach has several advantages compared to the current
practices. First and foremost, it allows for multiple mea-
surements to be incorporated from first principles and used
toward improving the estimation accuracy of the quantities of
interest. Another key advantage is the improved robustness
of the estimates under a variety of circumstances and certain
deviations of model parameters. A third advantage is the
characterization of uncertainty it provides via the posterior
distributions over the inferred variables. This can be used to
assess how well the model explains the observed data, but also
to identify aspects that were difficult to fit the model to. These
may suggest alternate hypothesis, which can be easily tested
by extending the model given the appropriate and sufficient
data or that may be candidates for subsequent experimental
validation.
While the methodology is very general, it must expressed
with respect to the particular circumstances of each microor-
ganism and growth condition under consideration. This does
impose an up-front modeling burden but, as we hope to have
clearly demonstrated, this is more than compensated for in the
improved accuracy and robustness of its estimates.
A potential criticism with regard to the testing as presented
could be that the data generation mirrored several aspects of
the model. While that would be understandable, it is worth
emphasizing that the same data generation approach also
played to the assumptions of current practices, except were
noted. The crucial difference is that the probabilistic macro-
chemical modeling methodology proposed herein provides us
with methods to effectively utilize all the data available and
handle deviations on assumptions.
There are several considerations for future work. A notable
limitation in the methodology as presented is that its charac-
terization cannot be directly used for prediction at conditions
not yet tested. A possibility could be to use a Gaussian process
over conditions as a prior on the profile of a key latent
variable of interest. Another avenue for future work is the
extension of this modeling methodology to cultures of multiple
microorganisms.
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